ABSTRACT In this paper, a new method is proposed for the real-time estimation of the full parameters of a permanent magnet synchronous motor (PMSM) that is based on the stator current ripple model. By introducing the stator current ripple model together with the known two state equations for the d-and qaxes currents, we resolve the rank deficiency problem, thus enabling real-time full parameter estimation even in the steady state. A signal processing technique for removing adverse effects from noises and uncertainties existing in the stator current ripple measurement is also presented. The efficacy of the proposed method is verified by simulation on a 15-kW PMSM, and both the proposed and conventional methods are compared.
I. INTRODUCTION
Accurate knowledge of the electrical parameters of a permanent magnet synchronous motor (PMSM) (i.e., d-and q-axes inductances, stator resistance, and flux linkage) is required for high-performance PMSM drive systems.
In terms of the efficiency of the PMSM, parameter information can be used to generate the optimal current references that minimize copper or iron loss in the known control methods. These references are the maximum torque per current (MTPC), flux weakening (FW), and maximum torque per voltage (MTPV) [1] - [4] . Current controllers such as proportional integral (PI) controllers and disturbance compensators [5] , [6] , which are used to precisely track the generated current references, can also be designed using the parameter information. The accuracy of the parameter information has a considerable impact on the efficiency of the PMSM and the transient performance of the current control.
For the reliability and robustness of the PMSM drive system, the parameter information can be utilized for
The associate editor coordinating the review of this manuscript and approving it for publication was Auday A.H. Mohamad. online stator winding fault diagnosis [7] , [8] , demagnetization detection of permanent magnets in rotor [9] , stator/rotor condition monitoring [10] , and position [11] or current [12] sensorless control.
However, accurately identifying those parameters that cannot be directly measured is quite difficult, and they can even vary according to operating conditions. To address this problem, many techniques for accurate estimation of the PMSM parameters have been previously proposed, which are classified into offline identification and online estimation algorithms.
Techniques for offline identification of PMSM parameters are based on finite-element analysis (FEA) of the PMSM [13] or the steady-state d-and q-axes voltage equations obtained from offline measurements under various operating conditions [14] . The identification results are then stored in a processor as look-up tables (LUT). However, offline identification not only requires expensive experimental or simulation efforts to obtain the LUTs, but also additional memory allocation of the processor [13] . More importantly, the LUTs obtained offline cannot deal with changes in the PMSM parameters resulting from aging, temperature hikes, or abnormal operations such as demagnetization [15] .
Online parameter estimation algorithms used to overcome the disadvantages of offline methods have been proposed in many studies. These are based on the recursive least-squares (RLS) method [15] , model-reference adaptive system (MRAS) [16] , adaptive techniques [17] , sliding mode observer (SMO) [18] , and extended Kalman filter (EKF) [19] . All of these methods are based on the PMSM d-and q-axes state equations, which only guarantee rank two in the steady state. Therefore, they can estimate (at most) two parameters simultaneously based on the assumption that the other two parameters are known by measurements or nominal values. In other words, the estimation of all four parameters is impossible because of the 'rank deficiency' of the state equations [20] . Any attempt to estimate three or four parameters does not guarantee convergence, because the estimation results fall into a null space generated by the rank deficiency [21] .
To enable online full parameter estimation, applying the signal injection to online estimation methods was previously considered to collect more sets of the PMSM state equations and thus increasing the rank [21] - [23] . The signal injection methods applied to a neural network estimator [21] and RLS [22] showed successful results for three-and four-parameter estimations, respectively. However, the amplitude of the injected signal is usually set sufficiently large to ensure a high signal-to-noise ratio, which may introduce considerable disturbance and instability into the PMSM drive system [24] and lead to increased torque ripple or copper loss. In [25] , two affineprojection-algorithm (APAs)-based online full parameter estimation techniques were proposed for separately estimating the slow-varying (stator resistance and flux linkage) and fast-varying (d-and q-axes inductances) parameters, in which two parameters are fixed to estimate the others. However, the parameter interdependence for the separate estimation and convergence of the solution was not rigorously handled.
This study proposes a new online full parameter estimation method for PMSM to solve the rank deficiency problem. The purpose of the proposed method is to utilize two additional ranks hidden in the newly introduced stator current ripple model. These ranks help to establish a full-rank estimation model together with the known two state equations. The RLS algorithm for the full-rank estimation model allows for an online full parameter estimation, even in the steady state when not relying on a signal injection or a separate estimation of the slow-and fast-varying parameters. A signal processing technique for removing adverse effects from noises and uncertainties that exist in the stator current ripple measurement is also presented. The simulation results for various operating conditions of a 15-kW PMSM demonstrate the efficacy of the proposed method as compared to that of the conventional signal injection method.
II. STATOR CURRENT RIPPLE MODEL A. GENERAL DESCRIPTION OF PMSM IN ROTATING D-Q FRAME
In a synchronous rotating d-q frame, the electrical dynamics of the PMSMs [26] can be described by: The d-and q-axes state equations used in the conventional parameter estimation techniques are models for the average voltages, but the transient-state within a switching period has not been previously considered. The core of this study is to identify two additional ranks hidden in the stator current ripple dynamics, which is derived in Section II-B. A signal processing technique for removing noises or uncertainties present in the stator current ripple measurements is proposed in Section II-C. components of the switching frequency, can be described by: 
The switching patterns of SVPWM have a periodicity established through six switching sectors for every one cycle of the voltage vector angle, as shown in Fig. 1 , causing the stator current ripple envelopes sinusoidal waveforms to be three times the voltage vector angle. The stator current ripple amplitudes A d(q) and the phase delays ϕ d(q) can vary with operating conditions such as stator current magnitude and rotor speed, which influence the switching pattern of SVPWM for the current control. The measurement results of stator current ripples of a PMSM (which will be used in the simulation study) under three different operating conditions are given in Fig. 2 .
The mechanism of the stator current ripple generation based on the switching pattern of a VSI with SVPWM is depicted in Fig. 3 , where S A , S B and S C denote the upper switches of phases A, B, and C in a VSI, respectively. There are four switching sections (0, 1, 2, and 3) within one switching period of T s , and generally the largest current variation occurs at the end of switching section 1, which constitutes the stator current ripple envelopes. The d-and q-axes current ripples i d,ripple and i q,ripple can be modeled by 
where t i , i d(q),i , and v d(q),i are the switching interval, d(q)-axis current, and input voltage at the switching section i, respectively. By substituting the current variations of (9) and (10) into (8), we can obtain the stator current ripple model as follows:
where
and t eff = t 0 + t 1 , which can be calculated from the switching pattern information, the mathematical expressions for which are given in [28] . 
C. SIGNAL PROCESSING TECHNIQUE FOR CURRENT RIPPLE MEASUREMENT
The measurements of stator current ripples can be obtained based on the differences between the d-and q-axes currents measured at the end of switching section 1 and the start of switching section 0, as described in Fig. 3 . However, the stator current ripple values obtained by the measurements themselves contain not only the pure ripple components of (6) and (7) but also zero-mean white noises from current sensors or uncertainties of DC or harmonic components. This is because of the inverter nonlinearity [29] given as follows:
where i m d(q),ripple is the d(q)-axis current ripple measurement, w is white noise, and the remaining terms represent uncertainties of DC and harmonic components. If the measurement values are directly applied to the stator current ripple model of (11), the robustness of the model may deteriorate.
The signal processing technique described in Fig. 4 is proposed to attenuate the adverse effects from those noises and uncertainties. First, the stator current ripple measurements i m d,ripple and i m q,ripple are multiplied by − cos 3θ V and sin 3θ V , respectively, as follows:
Then, low-pass filters (LPF) applied to i h d and i h q extract only DC components. The final outputs of the signal processing, which are double the number of extracted DC components, correspond to the following:
The relationships (15) 
This makes the stator current ripple model more robust.
To remove the fundamental and harmonic components contained in i h d(q) , the LPF cut-off frequency w c should be less than half the fundamental frequency (i.e., electrical rotor speed). Simultaneously, the cut-off frequency should be sufficiently high not to interfere with the rapid detection of variations in the stator current ripple amplitudes resulting from PMSM operating condition changes. Accordingly, the cut-off frequency can be set as a function of the electric rotor speed as follows:
with K ≤ 0.5 and the minimum value of the cut-off frequency w c,min .
III. ONLINE FULL PARAMETER ESTIMATION SCHEME
By combining the two known d-and q-axes state equations of (1) and (2) with the newly introduced stator current ripple model of (16), a full-rank linear parametric model for the online full parameter estimation can be constructed as follows:
where y, X , and θ are the output vector, the regressor matrix, and the parameter vectors, respectively, which are defined by:
The RLS algorithm based on the full-rank linear parametric model is used to estimate the all electrical parameters of a 33372 VOLUME 7, 2019 FIGURE 5. Structure of the proposed online full-parameter estimation algorithm.
PMSM as follows:
whereθ = L dLqRsφm T is the estimated parameter vector, e is the estimation error, γ and P are correction gain matrices, µ is the forgetting factor, which is usually selected to be less than 1, and the subscript k represents a calculation step. The third and fourth rows of X k are updated at θ V = 1 3 π, π, 
t eff is always non-zero except in the case when the switching of a VSI operates in six-step mode, whereas i o d and i o q are always non-zero when the switching is active. Therefore, the non-zero determinant is satisfied under the reasonable condition of w r i d,f = 0, which is easily achieved in an interior PMSM (IPMSM), where a non-zero d-axis current reference is generally given for the generation of reluctance torque. In other words, the online full parameter estimation is always possible using the proposed algorithm if the PMSM is rotating and generating a torque, even in the steady state with no signal injection.
IV. SIMULATION VERIFICATION
The simulation to verify the effectiveness of the proposed algorithm was conducted using the PSIM software with a 15-kW IPMSM driven by a VSI, whose specifications and nominal parameters are listed in Table 1 . In addition, the dand q-axes inductances were based on functions of the d-and q-axes currents resulting from the magnetic saturation, which are expressed as follows:
The switching frequency was fixed at 10 kHz, and all sensors such as the resolver, stator current, and DC-link voltage sensors had zero-mean white noises, the peak-topeak amplitudes of which were 0.2% of the maximum output of each sensor to reflect a realistic situation. The cut-off frequency of the LPF used in the signal processing was set to w c = max(w r /6, 12.5), which was considered to be appropriate for satisfying the trade-off between noises/uncertainties attenuation and rapid detection of the stator current ripple amplitudes.
The signal injection (SI) method introduced in [23] was adopted for a comparison. The frequency and amplitude of the injected sinusoidal current were set at 10 Hz and 5 A, which are reasonably large values, so that the injected signal was not buried in the stator current ripples. The forgetting factor of the RLS was set to 0.999 for both the proposed and signal injection methods. Both parameter estimation methods started from 0.2 s to allow time for the signal processing outputs of the proposed method to reach the target values.
The simulation was conducted for two situations: steady and transient states. The purpose of the online parameter estimation in the steady state was to determine whether the estimated values of the proposed algorithm converge to the true parameters (which are considered constant in the steady state) and examine the variations in the estimation performance based on operating conditions, in comparison with the SI method. Four operating conditions of SS1, SS2, SS3, and SS4 as shown in Fig. 6 , which were all combinations of low and high levels of the output torque and rotating speed of the PMSM, were considered for the steady-state cases. The torque operating conditions were converted to the d-and q-axes current references with the MTPA or FW trajectory using nominal parameters and then assigned to the PMSM current controller.
The simulation study for the transient state was conducted to examine the robustness of the proposed algorithm in the transient-and parameter-varying situations as compared to the SI method. Confirming the estimation performance for the d-and q-axes inductances is particularly important, as the inductances vary rapidly with the stator currents. Three transient cases of TS1, TS2, and TS3 as shown in Fig. 6 , where the operating conditions changed from SS1 to SS2, SS3, and SS4 within one second, respectively, were considered. The results of online full parameter estimation under the steady-state operating conditions of SS1, SS2, SS3, and SS4 are presented in Fig. 8, 9 , 10, and 11, respectively. Most estimates from both the proposed method (denoted as ''PM'' in the figures) and SI method approximated their true values to within 0.2 s. With respect to the proposed method, the d-and q-axes inductance estimates approximated the true values under all operating conditions except for the d-axis inductance estimate for SS4. The stator current ripple model was indeed a model for current variation. Therefore, it mainly contained inductance information, which was confirmed by the fact that the current ripple model of (16) is directly proportional to the inverse of the d-and q-axes inductances. Moreover, the terms that include the d-and q-axes inductances (w r L d(q) i d(q) ) in both the stator current ripple model and the state equations have a large ratio because they were multiplied by the electrical rotor speed and stator currents. These are the factors that increased the accuracy of the inductance estimation. It is assumed that the d-axis inductance estimation error for SS4 is caused by the error in the signal processing output of i o d to its target value, which should be improved in future studies. However, the stator resistance estimates tend to fluctuate in the vicinity of the true values for SS1 and SS3. Because information about the stator resistance is obtained only by multiplying it by the stator currents, the estimates can become sensitive at low stator current conditions such as SS1 and SS3. However, because the average values of the fluctuation do not deviate greatly from the true value, the estimate can be stabilized through a tuning of the RLS forgetting factor without difficulty, which is explained in Section IV-C.
A. PARAMETER ESTIMATIONS IN THE STEADY STATE
In the case of the SI method, the d-and q-axes inductance estimates nearly approximated the true values under all operating conditions because of their large ratios in the state equations. However, the flux linkage estimates deviated from the true values for SS2 and SS4. This is believed to have occurred because the injected signal becomes relatively small for high stator current conditions such as SS2 and SS4, and information obtained from the injected signal is reduced. Increasing the amplitude of the injection signal can improve the accuracy of the parameter estimation, but it can cause problems such as increases in torque ripple and copper loss as well as stability degradation, which is discussed later. The stator resistance estimates that were directly affected by the stator current tended to oscillate in the same manner as the injected signal and had a non-negligible estimation error.
Determining which of the two methods performed better in the steady state is difficult. However, that the proposed method verified its feasibility and effectiveness for the online full parameter estimation with no signal injection is meaningful. The results of online full parameter estimation under the transient operating conditions of TS1, TS2, and TS3 are presented in Fig. 13, 14, and 15 , respectively. In the case of the proposed method, most estimates approximated their true VOLUME 7, 2019 values to within 0.2 s under all operating conditions except for the d-axis inductance for TS3. In particular, the d-and q-axes inductance estimates could quickly track the true values that varied with the stator currents, which was possible with the help of the signal processing whereby the outputs rapidly converged to the target values. It is assumed that the d-axis inductance estimation error for TS3 was caused by the error in the signal processing output i o d to its target value, which should be improved in future studies. However, the stator resistance estimates tended to fluctuate considerably in the vicinity of the true value of TS2, where the rotor speed increased considerably. The increase in rotor speed caused the terms containing the stator resistance to be relatively small in the parametric model, and caused the stator resistance estimates to become sensitive. However, because the average value of the fluctuation did not deviate considerably from the true value, it can be stabilized by tuning the RLS forgetting factor without difficulty, which is described in Section IV-C.
B. PARAMETER ESTIMATIONS IN THE TRANSIENT STATE
With respect to the SI method, it exhibited stable estimation performance for TS2, where only the rotor speed varied. However, for TS1 and TS3, where the stator current varied, the d-axis inductance estimates had large errors, and all estimates tended to oscillate in the same manner as the injected signal. Particularly for TS3, where both the stator current and rotor speed changed, the stator resistance and flux linkage estimates tended to oscillate considerably and deviate from their true values. This means that signal injection can act as a factor to introduce considerable disturbance and instability into the PMSM drive system under transient conditions, as mentioned in [24] . The instability is likely to become critical when the operating conditions of the PMSM are very close to the voltage or current limit, such as in SS4 or TS3. In addition, the signal injection method has an inherent an estimation error caused by parameter variations, which are themselves the result of a state change derived from the injected current into the PMSM.
C. PARAMETER ESTIMATIONS NEAR ZERO SPEED
Because six values of V are used in the stator current ripple model (16) for each electrical cycle, verifying the performance of the proposed method near zero speed, where the update rate of the model is relatively slow, is crucial. One steady-state operating condition in which the rotating speed is 40 rpm and the output torque is 30 Nm, named SS0, and one transient operating condition where the rotating speed is fixed at 40 rpm and the output torque changes from 30 to 100 Nm within 1 s, named TS0, were considered for the near zero speed cases. Two forgetting factors of µ = 0.999, the same value as used in the previous simulation, and µ = 0.9999 were used for both the proposed and SI methods.
The results of online full parameter estimation for SS0 are presented in Fig. 16 . In the case of the proposed method with µ = 0.999 (Fig. 16a) , all estimates tended to fluctuate considerably in the vicinity of the true values. This was in contrast to the other steady-state cases in which at most one estimate fluctuated. The slow update rate of the stator current ripple model in low-speed operations was the main cause of the fluctuations, as the estimates were made sensitive to each update of the model. The fluctuations could be stabilized by increasing the forgetting factor to µ = 0.9999, as shown in Fig. 16b . In the case of the SI method, most estimates were stabilized near to their true values regardless of the forgetting factor by utilizing rapidly updated information through high-frequency signal injection.
The results of online full parameter estimation for TS1 are presented in Fig. 17 . The estimates of the d-axis inductance and the stator resistance tended to be similar to those of the case of TS0 in both methods. However, the flux linkage estimates had large estimation errors regardless of the estimation method and forgetting factor that were used. It is believed that this was because of the inevitable limit that the term that includes flux linkage (w r φ m ) in both the stator current ripple model and the state equations considerably decreased as compared to the other terms as the torque increased at a speed approximating zero.
From the aforementioned simulation results, we can conclude that the proposed method can reliably estimate all electrical parameters of the PMSM simultaneously, not only in steady states but also in most transient states. With the SI method, estimating all parameters simultaneously by the artificial excitation to derive the addition of the rank was also possible, although it had inherent problems of torque ripple or increased copper loss. However, it was confirmed that injected signal caused an instability problem in some transient operations. From this perspective, the proposed method can be regarded as a successful solution to the rank deficiency problem in online full parameter estimation by using the hidden dynamics that exist in the stator current ripples and that do not rely on signal injection, which may involve the problems previously discussed. However, the proposed method still has difficulties estimating the flux linkage near zero speed, particularly when the output torque changes. This will be a major issue to be addressed in future studies, including for the SI method as well.
The effectiveness of the proposed method and its potential for use in a variety of applications such as torque control, fault diagnosis, and sensorless control were verified.
V. CONCLUSION
This study proposed a method for the real-time full parameter estimation of a PMSM. The rank deficiency problem was successfully resolved by introducing the stator current ripple model together with the two known state equations, even in a steady state with no signal injection. A signal processing technique to remove noises and uncertainties that exist in the stator current ripple measurements was devised. The simulation results verified that the proposed method simultaneously estimates all electrical parameters of the PMSM under most steady and transient conditions ranging from 5% to 125% of rated speed and from 20% to 70% of rated torque. The effectiveness of the proposed method on the IPMSM drives proved that it can be used in various potential applications such as torque control, fault diagnosis, and sensorless control. 
